ABSTRACT. This study evaluates the future impact of climate change on hydrological components in a 8.54 km 2 mixed forest watershed located in the northwest of South Korea. Before future assessment, the SWAT (Soil Water Assessment Tool) model was calibrated using two years (2007)(2008) and validated by using one year (2009) ossil fuel consumption has caused an increase in anthropogenic emissions of carbon dioxide (CO 2 ) and other greenhouse gases (IPCC, 2007) . Due to higher concentrations of these gases in the atmosphere, the proportion of solar radiation hitting the Earth that is reflected back into space is reduced, leading to a net warming of the planet (Kalnay and Cai, 2003) . The magnitude of this increase will depend on future human activities; however, all IPCC (2007) In many cases of SWAT calibration and validation, streamflow was the single most commonly used watershed response variable (Arnold and Allen, 1996; Manguerra and Engel, 1998; Peterson and Hamleet, 1998; Sophocleous et al., 1999) . However, as the SWAT models have been developed to reflect spatially distributed information about watersheds, e.g., elevation, soil, and land use, model calibration F
spheric greenhouse gas concentrations will raise surface temperatures.
These changes will likely affect the hydrologic cycle (Fricklin et al., 2009) . Recently, a number of studies on the impact of climate on runoff have been performed that have coupled GCM (general circulation model) outputs with the SWAT model. Jha et al. (2004) studied the impacts of climate change on streamflows in the Mississippi River watershed using SWAT. Gosain et al. (2006) assessed the hydrology affected by climate change in Indian river watersheds using SWAT. Zhang et al. (2007) used SWAT to simulate the impacts of climate change on the streamflows in a Chinese river basin. Ficklin et al. (2009) examined the climate change sensitivity assessment of an agricultural watershed using SWAT model. Ficklin et al. (2010) assessed the sensitivity of agricultural streamflow load to rising levels of CO 2 and climate change in the San Juan Valley watershed in California. Park et al. (2010) assessed the future impact of climate change on hydrological behavior considering future vegetation canopy prediction and its propagation to nonpoint-source pollution (NPS) loads using SWAT in a forest-dominant watershed in South Korea.
In many cases of SWAT calibration and validation, streamflow was the single most commonly used watershed response variable (Arnold and Allen, 1996; Manguerra and Engel, 1998; Peterson and Hamleet, 1998; Sophocleous et al., 1999) . However, as the SWAT models have been developed to reflect spatially distributed information about watersheds, e.g., elevation, soil, and land use, model calibration has become possible with measured state variables in addition to measured streamflow. Until now, few experiments and/or current measures for multivariable calibration have been tried, and future strategies for the adaptation of hydrological component changes as a result of climate change are needed.
Accordingly, this study evaluates the impact of future climate change on the hydrologic components of a small, forestdominant watershed using the spatially calibrated (using measured evapotranspiration and soil moisture in addition to streamflow) SWAT model. The MIROC3.2hires GCM data are prepared for the watershed by LARS-WG (Long Ashton Research Station -Weather Generator) downscaling. For the 2040s and 2080s SRES A1B and B1 scenarios, the SWAT model projects the climate change impact on future watershed hydrology.
MATERIAL AND METHOD SWAT MODEL DESCRIPTION
SWAT is a physically based, continuous-time, conceptual, long-term, distributed-parameter model designed to predict the effects of land management practices on the hydrology, sediment, and contaminant transport in agricultural regions. The watershed is subdivided into subbasins based on the number of tributaries. The size and number of subbasins are variable, depending on the stream network and the size of the entire watershed. Each subbasin is further disaggregated into classes of hydrological response units (HRUs), whereby each unique combination of the underlying geographical maps (soils, land use, etc.) forms one class (Ullrich and Volk, 2009) . The hydrologic components (e.g., streamflow, evapotranspiration, soil moisture, etc.), sediment, and nutrient loadings from each HRU are calculated and predicted separately using input data about weather, soil properties, topography, vegetation, and land management practices and then summed together to determine the total loadings from the subbasin (Neitsch et al., 2001a) . The hydrologic routines within SWAT account for vadose zone processes (i.e., infiltration, evaporation, plant uptake, lateral flows, and percolation), and groundwater flows. The hydrologic cycle as simulated by SWAT is based on the water balance equation:
where SW t is the final soil water content (mm H 2 O), SW 0 is the initial soil water content on day i (mm H 2 O), t is the time (d), R day is the amount of precipitation on day i (mm H 2 O), Q surf is the amount of surface runoff on day i (mm H 2 O), E a is the amount of evapotranspiration on day i (mm H 2 O), W seep is the amount of water entering the vadose zone from the soil profile on day i (mm H 2 O), and Q gw is the amount of return flow on day i (mm H 2 O).
STUDY WATERSHED DESCRIPTION
The forest-dominant Seolma-Cheon watershed (8.54Ăkm 2 ) was adopted as the study area. Figure 1 shows the location within the latitude-longitude range of 37° 55′ 25″ N to 37° 56′ 50″ N and 126° 55′ 30″ E to 126° 57′ 30″ E, and the gauge stations for rainfall, weather, streamflow, evapotranspiration, and soil moisture. The watershed average elevation and slope are 247.8 m and 2.00%, respectively. The land use consists of 88.1% forest, 4.6% upland crop, 2.2% urban area, and 5.1% pasture and bare field. The dominant soil is sandy loam (76.4%). The annual average precipitation in the watershed is 1210.0 mm, and the mean temperature is 10.3°C over the last ten years (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) . This watershed is very steep, and the water level appears to increase sharply after a crushing zone is filled by precipitation (Korea Institute of Construction Technology, http://kict.datapcs.co.kr/newmain.htm).
GIS, RS, METEOROLOGICAL, AND MEASURED DATA
The SWAT model basically requires elevation, land use, soil, and meteorological data at desired locations in the watershed. Figure 2 shows the elevation, land use, and soil information for the study watershed. The elevation data were rasterized to 30 m resolution from a vector map of 1:5,000 scale that was supplied by the Korea National Geography In- As shown in figure 1, the soil moisture was measured with a TDR (time domain reflectometry) system buried in the sandy loam of a mixed forest area at 10, 30, and 60 cm depths from the surface, and evapotranspiration was measured with an eddy covariance system at the upper part of a mixed forest. The eddy covariance system was set on top of a 20 m tower that is over twice the height of the vegetation (9 m). Table 1 shows the sources of the input and measured data.
CLIMATE CHANGE SCENARIOS AND GCM DATA
The IPCC has published a set of emission scenarios in the SRES (Special Report on Emissions Scenarios; Nakicenovic et al., 2000) to serve as a basis for assessments of future climate change. Among the SRES scenarios, four marker scenarios (A1, A2, B1, and B2) are by far the most often used (Van Vuuren and O'Neill, 2006; fig. 3.) . The A1 and B1 scenarios emphasize the ongoing globalization and project future worlds with less difference between regions, while the A2 and B2 scenarios emphasize the regional and local social economic and environmental development and project more differential worlds. The A1 scenario develops into three groups that describe alternative directions of technological change in the energy system. The three A1 groups are distinguished by their technological emphasis: fossil intensive (A1Fi), non-fossil energy sources (A1T), and a balance across all sources (A1B). The regionally downscaled A1B and B1 scenarios were adopted in this study. Under the A1B and B1 scenarios, the GHGs (greenhouse gases) and other gases and driving forces were quantified in the IPCC's Fourth Assessment Report (IPCC, 2007) for use in climate simulation by GCMs (Park et al., 2009 ). 
GCM DATA AND DOWNSCALING METHOD
As GCM data, the MIROC3.2hires data from two SRES climate change scenarios (A1B and B1) developed by the National Institute for Environmental Studies of Japan were adopted from the IPCC Data Distribution Center (www.mad. zmaw.de/IPCC_DDC/html/SRES_AR4/index.html). Here, A1B is a "middle" GHGs emission scenario and B1 is a "low" GHG emission scenario.
The MIROC3.2hires GCM data were downscaled by two steps for the study watershed. As the first step, to ensure that the historical data (30 years of data from 1971 to 2000) and GCM output have similar statistical properties, the biascorrection method described by Alcamo et al. (1997) was used. This method is generally accepted within the global change research community (IPCC, 1999) . For temperature, absolute changes between historical and future GCM time slices were added to measured values:
where T' GCM,fut is the transformed future temperature, T GCM,fut is the original future GCM temperature, meas T is the average measured temperature for the 30-year baseline period, and
is the average historical GCM temperature. For precipitation, relative changes between historical data and GCM output were applied to measured historical values:
where P' GCM,fut is the transformed future precipitation, P GCM,fut is the original future GCM precipitation, meas P is the average measured precipitation, and his GCM P , is the average historical GCM precipitation.
Secondly, daily rainfall amount and minimum (T min ) and maximum (T max ) daily temperatures were estimated over 100-year simulated periods using the LARS-WG stochastic weather generator. LARS-WG was chosen over WXGEN, the weather generator included in SWAT, so that the generated data could be manipulated for climate change scenarios before SWAT input. LARS-WG was also found to produce better precipitation and minimum and maximum temperature results for diverse climates than other weather generators (Semenov et al., 1998) . LARS-WG is based on the weather series generator described by Racsko et al. (1991) . It utilizes semi-empirical distributions for the lengths of wet and dry day series, and daily precipitation. Daily minimum and maximum temperatures are considered as stochastic processes, with daily means and daily standard deviations depending on the wet or dry status of the day (Ficklin et al., 2009) . LARS-WG is widely used for climate change studies (e.g., Semenov and Barrow, 1997; Semenov et al., 1998) . Input data for LARS-WG consisted of CIMIS climate data collected at four weather stations within the study area ( fig.Ă1 ). The remaining climate data required for SWAT simulation (solar radiation and relative humidity) were generated by the WXGEN weather generator (Sharpley and Williams, 1990) included in SWAT. To address the inconsistencies between the two weather generators, Ficklin et al. (2009) compared generated results for precipitation, minimum and maximum temperature, and solar radiation. The comparisons showed that LARS-WG and WXGEN were both successful at generating climate variables close to the observed values, suggesting that the discrepancies between the two weather generators were minor.
MODEL CALIBRATION AND VALIDATION
Before model calibration and validation, we conducted a sensitivity analysis of the input parameters concerned with streamflow (Q), evapotranspiration (ET), and soil moisture content (SM). To ensure an efficient calibration, a sensitivity analysis was conducted to identify the most sensitive parameters (Kannan et al., 2007) . The sensitivity analysis was conducted by the LH-OAT (Latin hypercube -one factor at a time) method, which combines the OAT design with Latin hypercube sampling. Through the LH-OAT method, the dominant hydrological parameters were determined and a reduction of the number of model parameters was performed (van Griensven and Meixner, 2003) . Table 2 shows the selected parameters for the sensitivity analysis and calibrated results. The SCS curve number (CN2) P = precipitation, Q = streamflow, QR = runoff ratio, E = NashSutcliffe model efficiency, R 2 = coefficient of determination, C = calibration, and V = validation.
was sensitive to peak flow and amount of discharge. Increasing CN2 by 20% resulted in a 1.4% increase in Q and 5% in peak flow. GW_ DELAY, GW_ REVAP, and Surlag affected the recession phase of hydrograph. A 20% increase in CANMX increased ET by 1.9%. A 20% decrease in ESCO increased ET by 3.8% and decreased SM by 1.7%. EPCO had an inverse relationship with ESCO. The SWAT model was calibrated using streamflow data measured at the watershed outlet and ET and SM data measured in the mixed forest area. The calibration was carried out using two years (2007 and 2008) of data. The winter soil moisture from December to February could not be observed due to frozen field conditions. Tables 3 and 4 show the summary of two years of calibration results for Q, ET, and SM, and figure 4 shows a comparison of the measured versus simulated Q, ET, and SM. The average coefficient of determination (R 2 ; Legates and McCabe, 1999) and the Nash-Sutcliffe model efficiency (E; Nash and Sutcliffe, 1970) for Q were 0.74 and 0.70, respectively, and the R 2 values for SM and ET were 0.58 and 0.58, respectively.
The model validation was conducted with 2009 Q, ET, and SM data. The results are shown in tables 3 and 4 and figureĂ4. The R 2 and E for Q were 0.76 and 0.71, and the R 2 values for SM and ET were 0.55 and 0.66, respectively. The R 2 value indicates that the observed versus simulated plot was close to 1:1, and E indicates that the observed and simulated values were closer (Santhi et al., 2001) . A value of 1 indicates that the simulation exactly corresponds to the observed data. During November to March, the differences between the simulated and observed streamflow were very consistent (fig. 4) . The differences were within a range of 0.1 to 1 mm. The errors may have resulted from the use of default LAI (leaf area index) values instead of observed or measured LAI. Thus, ET was affected and influenced the streamflow simulation for these periods. If the LAI had been measured, we could have achieved better results. The LAI values could be extracted from satellite images, such as terra MODIS (Moderate Resolution Imaging Spectroradiometer), but the images were too large and rough to be useful. The difference between model performance in the calibration and validation periods is also because the hydrologic conditions in the validation period may have changed and did not exactly resemble the conditions during the calibration period (e.g., Beven, 2006; Liu and Gupta, 2007; Zhang et al., 2009 ). 
RESULTS AND DISCUSSIONS CLIMATE CHANGE IMPACTS ON Q, ET, AND SM
By using the calibrated SWAT model, the future (2040s and 2080s) climate change impacts on the hydrologic components of the study watershed were evaluated with the MI-ROC3.2hires A1B and B1 downscaled data. Table 5 shows the future projected seasonal temperature (T), precipitation (P), Q, ET, and SM, and figure 5 shows the future monthly P, T, Q, ET, and SM based on the 2009 SWAT-simulated data. The largest increases in future temperature and precipitation were 4.3°C and 15.3% in the 2080s A1B scenario. The future increase in temperature caused an increase in ET relative to the baseline. The largest annual ET increase was 62.0% (242.4 mm) with a 9.8% (132.4 mm) annual precipitation increase and 3.2°C annual temperature increase in the 2040s B1 scenario. The temperature increase follows CO 2 increase scenarios. The A1B and B1 scenarios showed a sharp CO 2 emission increase in the near future and am emission decrease in the far future. The CO 2 decrement of the B1 scenario is greater than that of the A1B scenario ( fig. 6 ). This phenomenon similarly affected changes in temperature. Accordingly, the results show that the temperature difference between the baseline (2009) and the 2040s is much greater than the temperature difference between the 2040s and the 2080s.
The future increase in ET successively caused a decrease in SM. The largest annual SM decrease was 38.4% in the 2080s B1 scenario. The effect of future precipitation was subdued by the future temperature. The future streamflow decreased due to the increase in ET and decrease in SM even with the increase in precipitation. The largest decrease in annual streamflow was 18.0% (166.0 mm) in the 2080s B1 scenario, and the largest decrease in seasonal streamflow was 34.3%, which occurred in spring of the 2080s A1B scenario. Meanwhile, the future large increase in rainfall in the autumn season increased the streamflow, with a maximum increase of 130.0% in the 2040s A1B scenario. Thus, it might be necessary to establish policies for use and control of the autumn water resources in the future. Henceforth, as additional future assessment strategies for the changes in hydrologic components due to climate change, methods such as land use change impact or LAI change impact will be explored. [a] T is average; P, Q, ET, ad SM are totals.
SUMMARY AND CONCLUSIONS
This study tried to evaluate the future impact of climate change on hydrological components in a small forest watershed by calibrating SWAT with forest evapotranspiration and soil moisture in addition to streamflow at the watershed outlet. The model calibration (2007) (2008) and validation (2009) results had Nash-Sutcliffe model efficiencies of 0.70 and 0.86 for streamflow and R 2 values 0.59 and 0.55 for evapotranspiration and soil moisture.
The future assessment was conducted by using the MI-ROC3.2hires A1B scenario (middle CHG emission and warming) and B1 scenario (low CHG emission and warming). The monthly data were downscaled at daily scale using the LARS-WG stochastic method. The future projected annual temperature and precipitation both increased, showing 4.3°C and 15.3% maximum increases in the 2080s A1B scenario. The future estimated maximum changes in streamflow, evapotranspiration, and soil moisture were -18.0% in the 2080s B1, +62.0% in the 2040s B1, and -38.4% in the 2080s B1 scenario, respectively. The result showed that future temperature affected the hydrologic components of the study watershed more than future precipitation. On the other hand, future streamflow increased from 10.5% to 130.0% due to the large increase in rainfall in the autumn season. This kind of information on future quantitative and estimated hydrologic components will allow appropriate decisions on water resource management for a watershed.
